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Introduction
In scientific research and engineering areas, many optimization problems belong to multiobjective optimization problems (MOPs). Very often, the objectives in a MOP conflict with each other and no single solution can optimize all the objectives at the same time. The solutions of a MOP are a set which called Pareto set/front in the decision/objective space.
During the past two decades, many evolutionary algorithms (EAs) have been successfully employed to tackle MOPs. The major advantage of these multiobjective evolutionary algorithms (MOEAs) over other methods is that they work with a population . However, these EDAs do not take the distribution regularity of Pareto set into consideration in building probability models.
The Pareto optimal solutions to a MOP often distribute very regularly in both the decision space and the objective space. It has been observed that under mild smoothness conditions, the Pareto set, in the decision space, of a continuous MOP is a piecewise continuous (m-1)-dimensional manifold, where m is the number of the objectives.
In order to capture and utilize this regularity of the Pareto set explicitly, Qingfu Zhang and Aimin Zhou et. al. proposed a regularity model-based multiobjective estimation of distribution algorithm (RM-MEDA) [13] . RM-MEDA uses local principal component analysis algorithm to build the probability model. Compared with three other state-of-the art algorithms on a set of biobjective or triobjective test instances with linear or nonlinear variable linkages, RM-MEDA performs well. Based on the research on RM-MEDA, Dongdong Yang et. al. develop a hybrid multiobjective estimation of distribution algorithm by local linear embedding and an immune inspired algorithm (HMEDA) [14] . Local linear embedding (LLE) is a manifold learning algorithm and is used to build the statistical model in the manifold space by global statistical information. Later, some of solutions are generated by the model, and the rest solutions are produced by an immune inspired sparse individual clone algorithm (SICA). Experiments show that hybridization of LLE and immune inspired algorithm is beneficial to the optimization process.
In this paper, the Manifold-Learning-Based Multiobjective Evolutionary Algorithm Via Self-Organizing Maps(ML-MOEA/SOM) is proposed for continuous multiobjective optimization problems.Self-organizing map (SOM) [15] , based on a class of artificial neural networks , a valuable tool in analysis and visualization of high-dimensional data has been proposed [16] . Based on unsupervised learning the SOM performs a non-linear mapping from a high dimensional input space onto a low dimensional grid of neurons. This projection is both topology and distribution preserving. Topology preservation refers to the fact that similar data in the high dimensional space are mapped onto nearby neurons. The distribution preservation property makes that more neurons are allocated to patterns that appear more frequently in the input space. In our algorithm, SOM is used to capture and utilize the manifold structure of the Pareto set. After that, some of solutions are sampled from the SOM grid, and the rest of solutions are generated from crossover and mutation operators. In this way, our hybrid algorithm utilizes both the global statistical information of current population and the location information of the solutions.
The rest of this paper is organized as follows. Section II introduces the continuous MOPs and the regularity property of continuous MOPs. Section III describes the details of the proposed algorithm. Section IV compares the proposed algorithm with NSGA-II and RM-MEDA on a set of test problems with or without variable linkages. Section V outlines the conclusions and future work. 
The distribution of the Pareto optimal set of a continuous MOP often shows a high degree of regularity. It can be induced from the Karush-Kuhn-Tucker condition that the PS of a continuous MOP is a piecewise continuous ( 1) mD  manifold in the decision space, where m is the number of the objectives [13] . Therefore, the PS of a continuous biobjective optimization problem is a piecewise continuous curve in n R [17] , while the PS of a continuous triobjective MOP is a piecewise continuous surface, and so on.
The Alogorithm Framwork

Basic Idea
In order to capture and utilize the regularity of the PS, ML-MOEA/SOM uses SOM to learn the manifold structure. SOM is topology and distribution preserving. Compared with ISOMAP [18] , LLE [19] and other manifold learning algorithms, it is much less sensitive to the noise of the data and is a robust unsupervised algorithm. Because SOM is a kind of artificial neural network algorithm, its learning effect depends on the input data set. Therefore, when the population is converged and submits to manifold distribution, the model which SOM built will be more accurate.
In this paper, we combine the SOM-based and genetics-based methods to generate offspring. That is to say, early in the algorithm, genetic operators are used to generate most solutions, while in the latter most solutions are sampled from the model SOM built. Step Elite Selection: Select out N solutions from () Q Pop t with elite selecting strategy which was proposed in NSGA-II.
3.2.The Algorithm Framework
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Step Stopping Condition: If the stopping condition is met, stop and return the nodominated solutions in () Pop t ; otherwise, set 1 tt and go to 2 Step
3.3Modeling
The SOM is employed in ML-MOEA/SOM to estimate the distribution of the solutions in the current population. The self-organizing map is a feed-forward network, and consists of an input and an output layer. Output layer consists of M units or neurons arranged on a regular grid, and each output neuron is connected to input vector. Fig.1 illustrates a typically two-dimensional SOM grid.
Each neuron in SOM gird has a specific topological position (an x, y coordinate in the lattice) and contains a vector of weights of the same dimension as the input vectors. That is to say, if the training data consists of vectors ( , , ..., ) , 1,2, ..., Step Input Vector:
is chosen at random from the set of training data and presented to the lattice. Step Calculate The Radius of Neighborhood: The radius of the neighborhood of the BMU is now calculated. This is a value that starts large, typically set to the radius of the lattice, but diminishes each training step. Any neurons found within this radius are deemed to be inside the BMU's neighborhood. can see that the closer a neuron is to the BMU, the more its weights get. altered; the training step t is increasing, the alteration is decreasing.
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Step Stopping Condition: If the stopping condition is met, stop and return; otherwise, set 1 tt and go to 2 Step . 
Extend and Reproduction
In our algorithm, the SOM training algorithm is used to capture the distribution regularity of the solutions. After training, 1 N new solutions will be sampled from the SOM neurons. The reproduction procedure can be described as follows. Step Reproduction: The set of the points covered by SOM lattice can be defined as NI  is a n-dimensional zero-mean Gaussian vector, I is the nn  identity matrix, n is the dimension of decision variable vector x and m is the number of the objectives. t is the current generation of algorithm, T is the max generation of algorithm.
Therefore, the noise vector is adaptive and decreasing over the optimization. In this paper, in order to generate points outside the area covered by the SOM, we also extend the boundary of the SOM lattice as Figure2 shows.
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Step : 1 N new solutions are sampled from the model built in 3
Step . As described above, we employ genetic operators to generate most solutions early in the algorithm, and use the model (2) to sample most solutions when the population is converged. The numbers of solutions generated by these two methods are controlled by an adaptive strategy. It works as follows. N new solutions. The crossover and mutation operators used in our algorithm are multi-parent crossover and polynomial mutation [3] , respectively.
Selection
The selection operator is the same as in NSGA-II. The details of the selection operator can be found in [3] .
Experimental Studies
Test Instances
In this paper, we compare the performances of ML-MOEA/SOM, RM-MEDA and NSGA-II experimentally on a set of test problems. These test instances are ZDT1, ZDT1.1, ZDT1.2, ZDT2, ZDT2.1, ZDT2.2, DTLZ2, DTLZ2.1, DTLZ2.2, DTLZ7.
Performance Metric
Three performance metrics are used to compare the performance of the different algorithms in our experimental studies.
(1)  metric [3] measures the convergence (closeness of the non-dominated solutions to the Pareto front) of a population. It is defined as follows.  metric [3] measures the diversity of a population. The original metric in works only for 2-objectives problems. In this paper, we adopt the extension version in [20] . It calculates the distance from a point to its nearest neighbor: 
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Copyright ⓒ 2016 SERSC (3) IGD (Inverted Generational Distance) metric [13] could measure both the diversity and convergence of a population. Let * P be a set of uniformly distributed points along the PF. Let P be an approximation to the PF, the IGD from IGD P P , P must be very close to the PF and can't miss any part of the PF.
Experimental Setting
The experimental settings are as follows:
(1)Public parameters: real code, randomly initialization, the population size in 2 and 3 objective problems is 100 and 200 respectively.The number of decision variables is 30 for all the test problems. The generation of algorithm is 200.
(2) NSGA-II: The distribution indexes for the simulated binary crossover and polynomial mutation are 15 and 20, and the crossover and mutation probabilities are 1.0 and 0.5 respectively. In ML-MOEA/SOM, the number of parents of the multi-parent crossover is set to be 4, and the crossover and mutation probabilities are the same as in NSGA-II. For all 2-objectives problems, the SOM lattice is set to be 1 10, and 4 5 for all 3-objectives problems. The training steps are 1000 and initial learning rate is 0.1 for SOM. The number of clusters in RM-MEDA is set to be 5.
(3)Number of the algorithm runs and stopping condition: 10 independent runs are performed on each test problems. The algorithms stop after a given number of function evaluations. The maximal number of function evaluations in each algorithm is 20000 for 2-objective test problems and 40000 for 3-objective test problems.
Experimental Results
The convergence metric and IGD metric results are shown in Table 1-10 . From the tables, we can see that: (1) ML-MOEA/SOM shows the best performance on ZDT1, ZDT1.1, ZDT2, ZDT2.1, DTLZ2, DTLZ2.1, while on ZDT1.2, ZDT2.2 and DTLZ2.2, RM-MEDA performs better. ZDT1, ZDT2 and DTLZ2 are MOPs without variable linkage. Therefore, the Local PCA model of RM-MEDA is hard to discover the variable relations since there are no variable linkages at all; (2) NSGA-II performs best on DTLZ7. DTLZ7 has discontinuous PS and could make some difficulties for ML-MOEA/SOM and RM-MEDA. In contrast, conventional genetic operators are good at solving discontinuous problems; (3) especially on ZDT1.1, ZDT1.2, ZDT2.1, ZDT2.2, DTLZ2.1 and DTLZ2.2, which are introduced by the linear or nonlinear variable linkages, ML-MOEA/SOM and RM-MEDA are much better than NSGA-II on IGD metric, since NSGA-II has no efficient mechanism for using the regularity of the PS. Figure 3 -12 show the evolution of the average IGD metric of the non-dominated solutions in the current populations among 10 independent runs with the number of function evaluations in three algorithms. From these figures, we can compare the convergence rapidity of the algorithms intuitively. 
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Copyright ⓒ 2016 SERSC ZDT2.2, the convergence speed of ML-MOEA/SOM and RM-MEDA is both almost, NSGA-II is lowliest. For DTLZ2, DTLZ2.1, DTLZ2.2, DTLZ7, on the earlier stage of algorithm running, the convergence speed of ML-MOEA/SOM is obviously superior to the other two, but, on the later stage of algorithm running, the convergence speed of RM-MEDA and ML-MOEA/SOM is both almost, but the performance of NSGA-II is worst.
Conclusion
Traditional reproduction operators such as crossover and mutation usually did not perform well on MOPs with variable linkages. In this paper, based on the regularity of continuous MOPs, we propose a hybrid multiobjective evolutionary algorithm based on self-organizing map and genetic operation. The proposed algorithm employs selforganizing map to capture the manifold distribution of the Pareto set. After that, some of new trail solutions are sampled from the SOM grid, and the rest of solutions are generated from adaptive genetic operators. In this way, our hybrid algorithm utilizes both the global statistical information of current population and the location information of the solutions.
We compared the proposed algorithm with NSGA-II and RM-MEDA on a set of test problems with or without variable linkages. The experimental results show that the proposed algorithm performs better than NSGA-II, and is competitive with RM-MEDA. The future research may investigate other simple and efficient modeling methods to exploit the regularity of the solutions. The better strategy for offspring generation is also a research direction.
